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Abstract 
This paper demonstrates the optimizing the process of multiple quality characteristics for Stereolithography (SLA) process of  
SL5530 epoxy material via the Taguchi method-based grey analysis. The modified algorithm adopted here was successfully used 
for both detraining the optimum settings of machine parameters and for combining multiple quality characteristics into one 
integrated numerical value called Grey relational grade. Multiple quality characteristics required include: (1) Tensile strength and 
(2) Crystallographic orientation -Density analysis following SLA process.  The work aims at prototyping the parts under 
controlled machine parameter setting and measures the above quality characteristics. An attempt has been made to identify the 
process parameters that influence on the strength of parts used for rapid tooling and optimize the parameter levels by using 
Taguchi based gray relational analysis. The optimum levels of the parameter contributing to higher tensile strength of the part 
and density of the prototype are the end results of the paper, which is very useful information for machine designers as well  as 
RP machine users. 
 
© 2014 The Authors. Published by Elsevier Ltd. 
Selection and peer-review under responsibility of Organizing Committee of AMME 2014. 
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1. Introduction  
SL5530 epoxy resin material has been employed to manufacture the 3 dimensional products by SLA process. SLA 
is a popular RP process in which intricate parts of a plastic monomer are directly built by photo polymerization 
© 2014 Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
Selection and peer-review under responsibility of Organizing Committee of AMME 2014
2533 B.S. Raju et al. /  Procedia Materials Science  5 ( 2014 )  2532 – 2541 
process with the model constructed using a computer aided design (CAD) package (Pham &Dimov, 2001). The 
main objective is to analyze the strength of the SLA (Epoxy Resin) Component. One of the important applications 
of SLA process is Rapid Tooling in dies of Injection molding, Pattern of Casting. The Dies made through SLA 
process are subjected to high tension, compression and impact factor due to high injection pressure. In order to have 
higher number of injections without premature failure, the die should posses high tensile, flexural and impact 
strength (chockalingam. et al, 2008). Tensile Strength is crucial in the case of rapid tooling since the parts have to 
withstand pressures during the test of fitment and when they are used as die for injection moldings (Raju et al 2013).  
Thus work aims to study the tensile strength of CIBSTOOL SL5530 Resin produced by SLA5000 Stereolithography 
machines and also the crystallographic orientation by density method, this discrepancy is the major factor for the 
variation in the mechanical property. Thus, this paper presents an efficient method for determining the optimal 
process parameters for multiple quality characteristics, though integrating the grey theory with the Taguchi method 
for SL5530 SLA machines.  
 
Nomenclature 
η: signal-to-noise Ratio;  yk : the K-th result of the experiment;  n: the repeated no of the K-th experiment. 
(mi,j)max is the S/N ratio of optimum level i of parameter j ; xi*(k) is the value after Grey relation generating process 
min xi0(k) , max xi0(k) denotes the minimum and maximum of xi0(k) respectively  
x0  : weighting factor for each attribute;   j : grey relational Grade; Lt : Layer Thickness ;   O -  Orientation ,  
Hs: Hatch Space;  
2. Adopted Methodology  
This study constructs experiments using L9 orthogonal array of the Taguchi method. Analysis of variance and F 
tests obtain the optimal single quality index. This research integrates the respective single quality characteristics 
index with the gray theory to weight and construct the optimal multiple quality characteristics index. Figure 1 
explains the process of changing an optimal single quality characteristic index into an optimal quality characteristics 
index (Kuo-Wei Lin and Che-chung Wang ,2010).  
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 Fig. 2. Schematic of SLA process 
 
                   Fig.1. Flow chart of optimal multiple quality Characteristics 
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2.1 Experimental Design using the Taguchi Approach 
The orthogonal Array forms the basis for the experimental analysis in the Taguchi Method (Roy, 2001). The 
selection of experimental parameters factors and their corresponding levels, then the analysis of Variance (ANOVA) 
method manipulates the experimental results to determine the effect of each parameter versus the objective function. 
The experimental procedures are described as follows:  
 Select parameter factor selection based on the required quality objective.  
 Determine the parameter factor level & selection of orthogonal array selection, based on parameter factors 
and levels. 
 Proceed with the practical experiment based on the orthogonal array variable factor layout.  
 Obtain the experimental results and then compute the ANOVA for signal-to-noise (S/N) ratio and the 
contribution.  
 Select the optimal parameter level combination. 
 Use the optimal parameter level combination to proceed with the confirmation experiment.  
The basic method for the Taguchi method parameter design converts the objective parameter to the S/N ratio, treated 
as the quality characteristics evaluation index the least variation and the optimal design are obtained by means of the 
S/N ratio. The final step actually conducts the experiments to confirm experiment success.  
Benefits of the S/N Ratio include increasing the factor weighting effect, decreasing mutual action, simultaneously 
processing the average and variation, and improving engineering quality. Depending on the required objective 
characteristics, different calculation methods can be applied as follows:   
 Where the objective optimal value is smaller, the smaller-the-Better (SB) method applies, such as in 
surface roughness and dimension accuracy error. 
 
 Where the objective optimal value is larger, the larger-the-better (LB) method applies, such as in material 
removal rate and mechanical properties such as tensile, impact and flexural strength.  
 
 Where the objective optimal value is particular (preferable), the nominal-the-better (NB) method applies, 
such as in coating depth and others.  
 
where η : signal-to-noise Ratio (S/N Ratio); yk : the K-th result of the experiment; n: the repeated number of the K-th 
experiment. After selecting optimal process parameter levels, the final step predicts and verifies the objective 
function. The predicted optimum value of the S/N ratio  (ηpred) is ( Phadke,1989):  
 
Where (mi,j)max is the S/N ratio of optimum level i of parameter j, m is the overall mean of the S/N Ratio and p is the 
number of parameters affecting the objective function. 
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2.2 Grey Theory  
2.2.1 Grey relation generating  
The grey theory investigates a system model with uncertain and insufficient information (Lin.J.L et.al, 1998 & 
Pan.L.K et.al., 2007). The gray relational analysis among sequences groups requires that all sequences satisfy 
comparability conditions, for instance, non-dimension, scaling and polarization attributes (Wang et.al., 2007). If 
comparability does not exist within sequence, the grey relationship generating approach can be adopted to transform 
the original sequence factor space into measurable space, generating a comparable sequence with three different 
comparability types as follows,  
 The larger-the better (LB): the larger objective value is better and the property can be represented as the 
following equation,  
 
 The smaller-the-better (SB): the smaller objective value is better.  
 
 The nominal-the-better (NB): the value closer to the objective value OB is better, 
 
 
where xi*(k) is the value after Grey relation generating process and min xi0(k) , max xi0(k) denotes the minimum and 
maximum of xi0(k) respectively. The grey relational grade in the grey relational analysis is defined as the relative 
degree between two sequences. Only one sequence x0(k) selected as the reference sequence is called the localized 
grey relational grade, i.e., one sequence exists in the grey relational space {P(X); τ}.  
 
2.2.2 Entropy weighting  
Entropy weighting employs the entropy concept to determine the relative weighting factor for each attribute. 
Computing entropy value through the selected case effect for each attribute determines the uncertain deliverable 
degree of information for the entire decision making process (Wang et.al, 2007). Then comparing the entropy value 
for each attribute calculates the relative importance among all the attributes, or the relative weighting factor. The 
relative weighting factors obtained by entropy weighting apply evaluated attribute information among all selected 
cases, not including the artificial subjective factor of decision maker; hence, entropy weighting belongs to the 
objective-weighting factor. Entropy weighting is introduced as follows (Liu et.al, 2005, 2007): 
i) Compute each attributes summation value for all sequences, Dk 
 
 
ii) Compute the normalization coefficient K,   
iii) Find the entropy for the specific attribute, ek 
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iv) Compute the total entropy value, E:  
 
v) Determine the relative weighting factor, λk .  
 
vi) Using the normalization method, each attribute weight or quality characteristic, can be calculated as  
 
2.2.3 Grey relation Grade  
The major calculation processes includes the following: 
 i) Endow the weighting factor: According to the grey relational generating data, the weighting factors of each 
attribute are given.  
ii) After selecting the weighting factor, the following equation is computed  
 
Where i = 1,2,.........,m,                              k= 1, 2, ......................., n                       j  i 
x0  represents the weighting factor for each attribute; hence,  are the reference (ideal) sequence and 
the specific relative sequence respectively.  
iii) Calculate the grey relational Grade j through the following equation 
 
where    and min  , max are constants as  
 
 
3. Design and Verification of the experiment.  
The section demonstrates usability of the multiple quality indexes model and verifies machining parameters 
design in a real life environment by the experimental design and implementation in SLA machine.  
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3.1 Principles of Stereolithography process 
The figure 2 presents an overview of SLA process in which intricate parts of a plastic monomer are directly built 
by photo polymerization process with the model constructed using a Computer Aided Design (CAD) package (Pham 
& Dimov, 2001). The process of SLA involves: Modelling of part with a CAD package to generate a 3D Solid 
model: Conversion of 3D solid model into Standardized Triangular Language (STL ) file format to create volumetric 
mesh and creation of support structure: Slicing of STL format of 3D solid model to provide a series of cross 
sectional layers: exporting the sliced model to the computer of stereolithography apparatus(SLA) : building the 
support structure and the part layer by layer over a vat of specially designed liquid resin with a Neodymium-doped 
yttrium vanadate (Nd:YV04) , Helium – cadmium or argon laser, which traces the outline of the planer sections and 
solidify the resin in SLA; removal of support structure to get the green part: post curing apparatus (PCA), which is 
either a controlled furnace or an ultraviolet oven (Kruth.J.P et.al.,1998). 
 
3.2 Experimental Design  
The study performs experiments on 3D systems - Stereolithography machine which uses SL5530 epoxy resins. 
Quality measure characteristics include tensile strength and crystallographic orientation (density analysis), which are 
affected by 3 parameters such as Layer thickness, orientation and hatch space. The specimens are prototyped as per 
the ASTM standards D638. The Taguchi method provides the laying out of the experimental condition using 
orthogonal array based on the number of factors and its levels (Douglas C.Mantogomery.,).  If only two levels are 
selected, then it is not possible to predict the nature of the curve at intermediate levels. Normally three levels are 
selected for accounting the quadratic effect of the particular process parameter on response variable (Philips.J.Ross. 
1996). Hence the levels of controllable parameters are classified into lower, middle & upper values of each process 
parameters as listed below in table 1 
               Table 1: Parameter Levels for main experiment 
Response  Parameter / Variable  LEVEL 1 LEVEL 2 LEVEL 3 
Layer Thickness - Lt 0.075 0.10 0.125 
Orientation - O 00 450  900  
Hatch Space - Hs
 Hs-1 Hs - 2 Hs -3 
 
                                            Table 2: Design of L9 (33) orthogonal array 
Experimental 
Run 
Control 
parameters 
Experimental Value 
Lt O Hs 
Tensile 
Strength 
(N/mm2) 
S/N 
Ratio 
Density 
analysis 
(Kg/m3) 
S/N ratio 
1 1 1 1 55.46 34.89 1.2345 -1.83 
2 1 2 2 54.57 34.74 1.3855 -2.83 
3 1 3 3 55.07 34.82 1.3235 -2.44 
4 2 1 2 58.46 35.34 1.2405 -1.87 
5 2 2 3 54.51 34.73 1.2395 -1.86 
6 2 3 1 58.59 35.36 1.2255 -1.76 
7 3 1 3 58.62 35.36 1.4055 -2.96 
8 3 2 1 55.34 34.86 1.3450 -2.57 
9 3 3 2 61.73 35.81 1.3568 -2.65 
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3.3 Single quality characteristic combination 
The optimization process for a single quality index is described as follows: 
i) Construct the process parameters using the L9 orthogonal array, which anticipates tensile strength as 
higher-the-better, HB. On the other hand, density analysis is smaller-the-best in this study (Raju et.al,). 
The L9 (33) orthogonal array shown in table 2 provides the required number of experiments. This array 
consists of 9 rows each representing an experiment; the columns are assigned to the factors. The 
suitable condition, recorded data and the evaluated experimental value and response (S/N) Ratio are 
shown in Table 2.  
ii) To implement the experiment based on the L9 orthogonal array, static analysis of variance evaluates        
  each parameter significance and F-test according to the table 3 & 4.  
                    Table 3: shows the % of contribution of three parameters to the tensile strength along with the estimated ANOVA parameters. 
Parameter ‘i’ Sum of 
squares SSi 
DOFi Mean sum 
of squares 
MSSi 
Fstatistics Fα (for v1,v2) % of 
contribution 
Lt 18.57 2 9.285 9.622** 
9 
36.93 
O 21.72 2 10.86 11.25** 43.19 
Pc 8.06 2 4.03 4.176 16.03 
Error 1.93 2 0.965   3.83 
Total 50.28 8 25.14   
Note: An F statistics value exceeds the F 0.10 value is "extreme significant" and is indicated by ** 
 
                  Table 4: shows the % of contribution of three parameters to the density analysis along with the estimated ANOVA parameters.  
Parameter ‘i’ Sum of 
squares SSi 
DOFi Mean 
sum of 
squares 
MSSi 
Fstatistics Fα (for 
v1,v2) 
% of 
contribution 
Lt 0.0272 2 0.0136 4.459**  
 
3 
66.34 
O 0.0013 2 0.00065 0.2131 3.17 
Pc 0.0064 2 0.0032 1.0491 15.61 
Error 0.0061 2 0.00305  14.87 
Total 0.041 8 0.0205   
Note: An F statistics value exceeds the F 0.25 value is "extreme significant" and is indicated by ** 
3.4 Combination of Multiple quality characteristics  
Selecting the highest S/N ratio from the single quality characteristics cannot directly obtain optimization of 
multiple quality indexes, owing to the interrelations between higher S/N ratio quality characteristics and lower S/N 
ratios. This section develops methodology for handling multiple quality characteristics as follows.  
i) Convert the optimal combination equation (5)-(7) of single quality index as shown in table 5.  
ii) Organize the above optimized single quality index ( tensile strength and density ) by the grey 
relationship analysis, normalized between zero and one, resulting from the dimension less factor in 
Table 5, column 2,3.  
iii) Grey relationship generating, and then weighting via the grey coefficient equation (8) – (13), resulting 
from individual characteristic weighting in Table 5, column 4, 5. 
iv) Practice the equation (14) – (16) and determine the Grey relational Grade with their rank and also the 
optimal combination of multiple quality indexes. 
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v) Determine the optimal combination of multiple quality characteristics indexes from the response 
diagram fig 3. A2 /B3 /C1  i.e,  Layer thickness - 0.10 , orientation -900 , Hatch Spacing - Hs 0.01 
vi) Confirm the predicted results by using equation 4.  
           Table.5. Grey relational grade of multiple quality characteristics 
 
NO 
 
(1) 
Grey relationship 
generation 
Grey relational Analysis Absolute value of the 
difference between 
sequences 
(∆0i) 
Grey relational Grade 
Tensile 
Strength 
(2) 
Density 
 
(3) 
Weighting Via Gray 
Coefficient  Rank 
Ts Density  
0.4765 0.5235 (6) (7) (8) (9) 
1 0.1316 0.95 0.0627 0.4973 0.4138 0.0262 0.7041 4 
2 0.0083 0.1111 0.0040 0.0582 0.4725 0.4653 0.5275 9 
3 0.0776 0.4556 0.0370 0.2385 0.4395 0.2850 0.5910 6 
4 0.5471 0.9167 0.2607 0.4799 0.2158 0.0436 0.8014 2 
5 0.0000 0.9222 0 0.4828 0.4765 0.0407 0.6694 5 
6 0.5651 1 0.2693 0.5235 0.2072 0.0000 0.8348 1 
7 0.5693 0 0.2713 0.0000 0.2052 0.5235 0.5896 7 
8 0.1150 0.3361 0.0548 0.1759 0.4217 0.3476 0.5764 8 
9 1.0000 0.2706 0.4765 0.1417 0.0000 0.3818 0.7328 3 
 
3.5 Confirmation tests 
Experiments through the Taguchi orthogonal array reveal that the optimal process parameter combination is 
A3/B3/C2, Layer thickness - 0.125mm, Orientation - 900 and hatch spacing- 0.015, which is then employed to 
predict the grey relation that represents the quality. Outcomes of ANOVA indicate that Layer thickness and 
orientation   can be classified as significant factors. Prediction of the grey relation of the optimal parameters can be 
expressed as shown in equation 17. The response table for grey relational grade is as shown in table 6.  
 
                                             η pred = 0.6696 + [(0.7685-0.6696)+(0.7195-0.6696)+(0.7051-0.6696)] 
                                             η pred = 0.8539 
                                  Table.6. Response table for the grey relational grade 
Symbol Parameter 
Grey relational grade 
Level 1 Level 2 Level3  Max-Min 
A Layer Thickness 0.6075 0.7685 0.6329 0.161 
B Orientation  0.6984 0.5911 0.7195 0.1284 
C Hatch spacing  0.7051 0.6872 0.6167 0.0884 
 Total mean grey relational grade = 0.6696 
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Fig.3. Grey relational grade graph 
4. Conclusions  
This paper optimizes multiple quality characteristics of SLA rapid prototyping machines for SL5530 by using the 
Taguchi method-based Grey relational analysis. An attempt has been made to analyze the process parameters that 
influence the strength aspect of SLA parts in order to be useful for rapid tooling applications (Aerospace 
industry).The Grey relational grade calculation helps to  
Quantify the integrated quality of multiple quality characteristics required in the SLA rapid prototyping process. 
Conclusions of the work are as follows: 
  RP technology – SLA is used for the manufacturing of 3D test specimen (a detailed   fabrication process is been 
studied). 
 The Parameters Lt, O and Hs influence much on part strength of SLA parts. 
 Identification of the parameters which influences the part quality strength & its contributions.  
 The optimal combinations of process parameters are 0.125mm Layer thickness, 900 Orientation and 0.015 hatch 
spacing for tensile strength of SLA parts by single quality characteristics. 
 The optimal combinations of process parameters based on multiple quality characteristics are   
A2 /B3 /C1 i.e, Layer thickness - 0.10, orientation -900, Hatch Spacing - Hs 0.01. 
 The predicted value by confirmation test is 0.8539. 
Acknowledgements 
The authors thank the Institution of Engineers (RD: 2017155) for funding the research work. 
The Director, Gas Turbine Research Establishment (GTRE), Bangalore for providing the necessary facilities to carry 
out this work and M/s Sriram Industries for testing purpose.  
References 
Chockalingam, K., Jawahar, N., Chandrashekar, U., and Ramanathan, K. N., 2008. Establishment of process model for part strength in 
stereolithography. Journal of Materials processing Technology 208, 348-365. 
Douglas, C, Montogomery, (2000). “Design and Analysis of Experiments”, Arizona state university, 3rd edition , John Wiley & sons, New York. 
Kruth, J. P., Leu, M.C. and Nakagawa, T. (1998). Progress in Additive Manufacturing and Rapid Prototyping, CIRP Annals - Manufacturing 
Technology. 47, 525-540. 
0.6075
0.7685
0.6329
0.6984
0.5911
0.7195 0.7051
0.6872
0.6167
0.5
0.55
0.6
0.65
0.7
0.75
0.8
A1 A2 A3 B1 B2 B3 C1 C2 C3
G
re
y 
re
la
tio
na
l g
ra
de
 
Process Parameters
GREY RELATIONAL GRADE GRAPH
2541 B.S. Raju et al. /  Procedia Materials Science  5 ( 2014 )  2532 – 2541 
Kuo-Wei Lin and Che-chung Wang, 2010. Optimizing Multiple quality characteristics of WEDM via Taguchi method-based grey analysis for 
Magnesium alloy. Journal of C.C.I.T, vol 39, 23-33.  
Lin, J.L., Wang, K.S., Yan, B.H., and Tarang, Y.S., 1998. Optimizing of the multi-response process by Taguchi method with grey relational 
analysis, The journal of Grey system. 10, No.4, PP.355-370. 
Liu, X. W., Han, S. L.,(2005). Ranking fuzzy numbers with preference weighting function expectations, Computers and mathematics with 
application.  49, No 11-12, PP.1731-1753. 
Liu, X., (2007). Parameterized defuzzification with maximum entropy weighting function - Another view of the weighting function expectation 
method.  Mathematical and computer Modelling, Vol 45, No 1-2, PP 177-188.  
Pan, L.K, Wang, C. C., Wei, S. L., Sher, H.F., (2007). Optimizing multiple quality characteristics via Taguchi method-based grey analysis.  
Journal of Materials processing Technology. 182, Issue 1-3, PP.107-116.  
Phadke, M. S., 1989. “Quality Engineering using Robust Design”, Prentice Hall, Englewood cliffs, NJ. 
Pham, D.T., Dimov, S. S., 2001. “Rapid Manufacturing”, 1st ed. Springer verlag, London.  
Phillip,.J. Ross., 1996. “Taguchi Techniques for Quality Engineering”, Second Edition, McGraw Hill Publication.  
Raju, B. S., Chandra Shekar, U, Drakshayani, D.  N., 2013. Optimization studies on improving the strength characteristic for parts made of 
photosensitive polymer. Journal of the Institution of Engineers (India): series D,  94,  Issue 1, PP 35-41. 
Raju, B. S., Chandra Shekar, U, Drakshayani, D. N., 2013. Web based E-manufacturing of prototypes by using rapid prototyping technology. 
International Journal of Mechanical Engineering and  technology. Vol 4, issue 2, pp-32-38. 
Roy, R. K., 2001. “Design of experiments using the Taguchi approach: 16 steps to product and process improvement”, in: Wiley interscience, 
New York. 
Wang, C.C., Lin, T.W., Hu, S.S., 2007.  Optimizing the rapid prototyping process by integrating the Taguchi method with the grey relational 
analysis.  Rapid prototyping  journal. 13, N0 5, PP-304-315. 
 
